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The clinically detailed risk information
system for cost (CD-RISC) contains defini-
tions for several hundred severity-adjusted
conditions that can be used to predict future
health care costs. We develop a prospective
Medicare CD-RISC model using a 5-per-
cent sample of Medicare beneficiaries and
data that contain 1996 diagnostic informa-
tion and 1997 annualized costs. The CD-
RISC model has a hierarchical structure
that implies that only the most expensive
condition-severity variable within a body
system affects payments. This minimizes
incentives to game the system by entering
multiple related codes for the same condi-
tion. The R2 for the CD-RISC model is 11
percent.

INTRODUCTION

The Medicare+Choice (M+C) capitation
provisions of the Balanced Budget Act
(BBA) of 1997 set a deadline of January
2000 for the implementation of a new risk-
adjustment method. The risk-adjustment
method CMS used in 2000 was based on
the primary inpatient diagnostic cost
group (DCG) model (Pope et al., 2000a).
However, because the model uses only
inpatient data, (1) it creates an incentive for
M-+C plans to hospitalize enrollees to get
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them assigned to a higher DCG category;
and (2) is not sensitive to costs for
enrollees who are chronically ill, but are
not hospitalized. Health maintenance orga-
nizations (HMOs) that achieve cost sav-
ings by substituting other forms of care for
inpatient care are particularly vulnerable to
this flaw in the model. Thus, in 2004, CMS
is planning to move to a model that uses
both inpatient and outpatient data to identi-
fy diagnostic codes for grouping beneficia-
ries into risk groups (Centers for Medicare
& Medicaid Services, 2003).

Recently much effort has gone into
developing risk-adjustment systems to
modify capitation payments for expected
use (Ellis et al., 1996; Pope et al., 2000Db;
Kronick et al., 2002; 2000; and 1996; Ash et
al., 2000; Weiner et al., 1996). All of these
risk-adjustment methods tie payments to
expected resource use based on diagnostic
codes. Two of the models are derived from
the DCG family of models, one is based on
the adjusted clinical groups case-mix sys-
tem, and another uses the chronic illness
and disability payment system (CDPS).
Another model is based on CD-RISC. All of
these models share a basic approach. First,
the International Classification of Diseases,
Ninth Revision, Clinical Modification (ICD-
9-CM) (Centers for Disease Control and
Prevention, 2003), diagnosis codes are
grouped into categories based on clinical
judgment and experience, yielding relative-
ly small, clinically homogenous categories
of beneficiaries. Then statistical methods
combine that information with expenditure
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data to predict costs and generate payment
levels. However, the models differ in spe-
cific details.

In an earlier study, RAND researchers
developed the CD-RISC model, and tested
this model on Medicaid and private sector
managed care enrollees (Carter et al.,
1997). In this article, we describe the
development and testing of the CD-RISC
model for the Medicare population. The
system describes the resources needed to
care for the Medicare population based on
their burden of disease. It contains
prospective models that predict annual
costs based only on information known at
the start of the year. The diagnoses are
grouped into conditions with an attached
severity level. The condition-severity
groups are then organized into body sys-
tems with only the most expensive group
in each body system affecting prediction.
However, other conditions in both the
same and other body systems may affect
severity level, and thus differences in the
effects of severity levels of the same condi-
tion often measure the interaction of the
condition with other conditions. The struc-
ture of the CD-RISC model is designed to
minimize incentives to game the system.
M+C plans may game a risk-adjusted pay-
ment system in several ways. For example,
if vague condition codes, such as abdomi-
nal pain were included in the payment
model, providers may find it relatively easy
to over use such a code. Furthermore, if
multiple related condition codes, such as
abdominal pain and ulcers, were included
in a payment model, providers may have
incentive to code both conditions to
increase their payment. A risk-adjustment
system may also be gamed if unnecessary
care is provided in order to obtain addi-
tional payment.

The CD-RISC model presented here is a
prospective model that is based solely on
diagnoses recorded before the start of the

payment year. Using retrospective data,
such as current year utilization or current
year diagnostic information, to set pay-
ments has advantages and disadvantages.
The advantages are that a model that uses
retrospective variables increases incen-
tives to provide needed care and increases
the accuracy of prediction. Retrospective
data increase the accuracy of the model by
including acute episodes and chronic dis-
eases that are diagnosed for the first time
during the year. This greater accuracy
should reduce incentives to select healthi-
er patients into a plan. Since physicians
value providing good care, episodes of ill-
ness and outlier payments can encourage
an increase in the provision of care to vul-
nerable populations. Retrospective pay-
ments are also likely to ease providers’
financial risk, and therefore, should
increase incentives for providers to remain
in the Medicare market.

In general, including retrospective data
adds incentives to provide unnecessary
services and transfers part of the risk back
to the payer (Ellis et al., 1996). Payment
schemes based on retrospective data may
increase the data burden if the payment is
based on actual charges. However, meth-
ods that do not increase the data burden
can be designed. For example, payments
based on diagnosis-related groups (DRGs)
may not necessarily increase the data col-
lection burden. Providers already collect
and maintain DRG information, and there-
fore, the partial capitation would not add
any additional burden.

If people stay with the same health care
plans for a moderate length of time, adjust-
ing payments based on prior utilization
would still provide plans with some incen-
tive to provide care. This is not a flaw, since
for both fairness (unmeasured sickness)
and efficiency (to give plans less incentive
to stint on care) reasons, it may be desir-
able to have providers and payers share
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the risks of care for expensive patients
(Keeler, Carter, and Newhouse, 1998). If
data on current costs are available, it is
easy to modify risk-adjustment systems
that yield predictions of prospective costs
to pay a blend of those predicted costs and
current costs.

DATA

The data files used in the analysis for the
Medicare sample were created by Health
Economics Research (HER) in the course
of developing the hierarchical conditions
model (HCC) for the Medicare population
(Pope et al., 2000b). In this article, we will
review HER's file creation and describe the
variables to be used in the analysis.

Sample Selection

The analytic file was created by HER
from the 1996 and 1997 Medicare 5-per-
cent sample standard analytic files, by
restricting the data to individuals who sat-
isfied the following conditions:
¢ Continuously enrolled in both Medicare

Part A and Part B from January 1, 1996

to December 31, 1997 or until death if

deceased in 1997.

e At least 1 month in 1997 entitled by age
or disability, not residing in a hospice,
and not enrolled in a HMO.

¢ No months of HMO enrollment in 1996.

e U.S. residence throughout 1996 and
1997.

e No months of working aged status in
either 1996 or 1997.

These sample restrictions aim to ensure
that the Medicare enrollees in the final
sample have complete diagnostic informa-
tion in 1996 and complete claims data in
1997. Only months of fee-for-service eligi-
bility in 1997 were included in the sam-
ple—all HMO months were excluded
because of incomplete claims data.

The 1997 Medicare 5-percent standard
analytic files contain 2,017,964 beneficia-
ries with any form of Medicare eligibility.
The prospective sample, used in the analy-
ses in this article, was created by dropping
beneficiaries who did not satisfy the five
conditions listed, and contains 1,394,701
beneficiaries (Pope et al., 2000b).

Medicare Expenditures

The dependent variable for the analysis
is Medicare expenditures for 1997. This
variable includes all Medicare payments
other than hospice payments and indirect
medical education payments. HMOs are
not responsible for hospice care, and indi-
rect medical education is not paid to
HMOs; therefore, these categories are
excluded from the constructed measure of
Medicare expenditures.

Medicare payments are summed only
for the months in 1997 that the beneficiary
met the sample selection criteria. After pay-
ments are summed, they are annualized by
dividing the payments by the fraction of
months in 1997 that each beneficiary was
eligible. This fraction is also used to weight
all analyses.

Demographic and Other Beneficiary
Information

The age and sex information used in the
CD-RISC model consists of 24 age-sex
cells. There are 12 age cells for males: 0-34;
3544, and so on with the oldest category
being 95 or over. Similarly, there are 12
age cells for females: 0-34; 35-44, and so on
with the oldest category being 95 or over.!
Individuals who are under age 65 are enti-
tled to Medicare through disability.
Originally disabled status is another bene-
ficiary variable used in the CD-RISC

1When an individual spends part of 1997 in one age category
and the rest in another category, the fraction of time spent in
each category is used to prorate the age-sex cells.
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model. Originally disabled beneficiaries
were entitled to Medicare before age 65
due to their disability status, but in 1997
are entitled on the basis of their age.2

The CD-RISC model also uses informa-
tion on Medicaid eligibility in 1996. A ben-
eficiary is defined to have Medicaid eligi-
bility if he or she had any months of
Medicaid eligibility in 1996.

Diagnostic Information

In the prospective CD-RISC models devel-
oped in this article, diagnostic information
from 1996 is used to predict 1997 Medicare
expenditures. We constructed the diagnos-
tic profile for Medicare beneficiaries using
ICD-9-CM codes assigned to claims from the
following sources: hospital inpatient princi-
pal diagnoses, hospital inpatient secondary
diagnoses, hospital outpatient department,
physician and clinically-trained non-physi-
cian. Examples of clinically-trained non-
physicians are psychologists, therapists, and
podiatrists. We did not include additional
diagnoses from home health, durable med-
ical equipment (DME), and other facility
types since the clinical validity of these diag-
noses is suspect and including these sources
would increase the burden of data collection.
Although our main analysis includes diag-
noses that were obtained from radiologists,
anesthesiologists and pathologists (RAP), in
a specification check discussed later, we
excluded diagnoses that were obtained from
RAP sources due to concerns about ther
clinical validity.

Sample Summary Statistics

Table 1 contains summary statistics on
the prospective sample used to construct
the CD-RISC Medicare model. This table
shows the percent of the sample in each of

2 As with the age-sex variables, originally disabled status is pro-
rated if a beneficiary spent part of the year entitled due to dis-
ability and the rest of the year entitled due to age.

the 24 age-sex cells, the percent that are
originally disabled (but now aged), and the
percent that are enrolled in Medicaid.
Average annualized Medicare expenditures
for each of these groups is also provided.

MODEL DEVELOPMENT

We developed the Medicare CD-RISC by
updating the ICD-9-CM codes used in the
original CD-RISC model and by adjusting
the definitions of condition and severity for
the Medicare population. We describe the
three elements used to construct the CD-
RISC model: (1) these are the construction
of conditions; (2) the assignment of severi-
ty levels to conditions; and (3) the assign-
ment of condition-severity combinations to
body systems.

Construction of Conditions

A condition is a clinical construct opera-
tionalized as a grouping of ICD-9-CM diag-
nostic codes. Codes were grouped togeth-
er when the referenced conditions were
similar on: pathophysiology, duration, and
the tests and services required to diag-
nose, monitor, and treat. Each ICD-9-CM
code is assigned to at most one condition
(Carter et al., 1997). The condition map-
ping was based initially on the subjective
judgment of physician panels organized by
Value Health Sciences3 as part of the prac-
tice review system. Examples of conditions
include breast cancer, diabetes, urinary
tract infection, and hypertension.

We focused on developing conditions
that were likely to be specifically important
for the disabled age 65 or over Medicare
population. We subdivided existing condi-
tion codes into two or more conditions when
we believed that costs for the Medicare
population may be systematically different

3 Value Health Science is a company that provides health care
information services.
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Table 1

Summary Statistics on the Prospective Sample Used to Construct the Clinically Detailed Risk
Information System for Cost Medicare Model: 1996-1997

Percent of Annualized 1997

Variable Sample Medicare Payment
Male 41.4 $5,408
Male-Disabled 6.9 4,291

0-34 Years 0.8 3,298
35-44 Years 1.6 3,851
45-54 Years 2.0 4,064
55-59 Years 1.1 4,695
60-64 Years 1.3 5,396
Male-Aged 34.5 5,633
65-69 Years 7.9 4,070
70-74 Years 104 4,848
75-79 Years 8.0 6,040
80-84 Years 5.0 7,211
85-89 Years 2.3 8,386
90-94 Years 0.8 9,228
95 Years or Over 0.2 8,484
Female 58.6 5,247
Female-Disabled 4.9 5,007

0-34 Years 0.5 3,669
35-44 Years 1.0 4,236
45-54 Years 14 4,813
55-59 Years 0.9 5,316
60-64 Years 1.0 6,274
Female-Aged 53.7 5,269
65-69 Years 9.8 3,569
70-74 Years 14.0 4,249
75-79 Years 121 5,292
80-84 Years 9.0 6,385
85-89 Years 55 7,463
90-94 Years 2.5 8,106
95 Years or Over 0.9 7,444
Disabled 11.9 4,588
Originally Disabled (Now Aged) 6.6 8,224
Medicaid Eligible in 1996 15.0 7,277
Full Sample 100.0 5,314

NOTES: The variables represented are not mutually exclusive. Therefore, the numbers in the percent of sample may not add to totals because of

rounding. Sample consisted of 1,394,701 observations.

SOURCE: Centers for Medicare & Medicaid Services: Data from the 5 Percent Sample Standard Analytical Files.

within a condition code. For example, the
condition code other renal disease was
subdivided into new condition codes uri-
nary incontinence and renal dialysis,
because dialysis is likely to cost signifi-
cantly more than treatment for urinary
incontinence.

In developing the CD-RISC model, we
were careful to exclude conditions that
may be vague. While several conditions are
labeled as other conditions, these groups

include clearly defined ICD-9-CM codes
that were grouped together on the basis of
clinical judgment.

Assignment of Severity Levels

Conditions can have up to three severity
levels: usual or low, medium, and high.
Conditions are suffixed by the letters “L”
for low or usual severity, “M” for medium
severity, and “H” for high severity. Severity
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levels for condition codes were determined
by physician panels using clinical criteria
to judge the expected resource use for the
condition. As with condition assignment,
the original severity assignment was devel-
oped as part of the practice review system
(Carter et al., 1997).

When clinical judgment suggests that a
certain condition is relatively heteroge-
neous in expected resource use, the condi-
tion is divided into severity levels that cap-
ture the expected resource use. In general,
if a condition is homogenous in expected
resource use, the condition is not divided
into severity levels, and is simply assigned
one severity of L. As with condition assign-
ment, the practice review system originally
determined the condition interactions in
the CD-RISC. Physician panels determined
if the presence of conditions in other body
systems was likely to increase the severity
of a condition code. Condition-severity
codes were grouped with other similar
codes on the basis of pathophysiology,
duration, and the tests and services
required to diagnose, monitor, and treat
the condition.

The clinical information used to assign
the severity levels for any one condition
code can come from both the ICD-9-CM
codes that fall into that condition code, and
from other ICD-9-CM codes outside of that
condition code that represent complica-
tions or comorbidities that increase the
resources required to care for a condition.
Thus, one ICD-9-CM code can affect the
severity level of more than one condition.
After all conditions have been assigned,
the set of all ICD-9-CM codes for the
patient are searched a second time to
determine severity. An individual is always
assigned to the highest severity level for
which he or she qualifies.

To clarify how we assign severity levels
to condition codes, we provide examples
for the condition of diabetes. Severity level

can be assigned from the diabetes ICD-9-
CM codes, for instance a diagnosis of
Diabetes without Complications uncon-
trolled (ICD-9-CM 250.03) gives the condi-
tion diabetes a moderate severity, while
Diabetes with Coma (ICD-9-CM 250.2),
gives the condition diabetes a high severi-
ty. A severity level can also be assigned to
the condition Diabetes from Non-Diabetic
ICD-9-CM codes that represent complica-
tions or comorbidities of diabetes and give
insight to the severity of the illness. For
instance, one of the Complications of
Diabetes is an increased risk for a Stroke,
so a diabetes ICD-9-CM code in combina-
tion with an ICD-9-CM code for Cerebral
Vascular Accident or Stroke (ICD-9-CM
436) would move the condition diabetes to
a high severity level. The effect of an ICD-
9-CM code on severity level is unilateral
unless otherwise clinically indicated, i.e., it
does not necessarily follow that a diabetes
ICD-9-CM code would change the severity
level assigned to the condition code Cerebral
Vascular Disease.

Body Systems

The combinations of condition and
severity are organized into hierarchies
within 19 body systems so that the model
prediction for each patient depends on at
most one combination of condition and
severity per body system. This reduces
incentives for multiple coding of the same
or related conditions. Additional coding
within the same body system is likely to be
more frequent than additional coding
between body systems in cases where
diagnoses are ambiguous and hence sub-
ject to gaming (Carter et al., 1997). The
Medicare CD-RISC model contained the
following body systems: infection, cancer,
metabolic, blood, mental, neurological, car-
diovascular, ear/nose/throat (ENT), respi-
ratory, gastrointestinal, renal, reproductive,
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skin, muscular, injury, and newborn. The
pregnancy and other body systems were
dropped due to statistical insignificance.

The body systems are based on the ICD-
9-CM coding structure. Similar hierarchi-
cal systems were used in the original DCG
risk-adjustment model within disease, but
the DCG-HCC model allows multiple dis-
eases within the same body system to
affect costs. For example, in the DCG-HCC
model, individuals with human immunode-
ficiency virus/acquired immunodeficiency
syndrome (HIV/AIDS) may also be coded
as having septicemia or other opportunis-
tic infections, but may not be coded as hav-
ing the HCC code other infectious dis-
eases. In contrast, in the CD-RISC model,
since HIV/AIDS, septicemia, opportunistic
infections, and other infectious diseases all
belong to the infection body system, only
the most costly condition within this body
system will affect individual payments. In
addition, the hierarchy used in the DCG-
HCC model is based on a mix of costs and
clinical judgment, whereas the hierarchy
in the CD-RISC model is almost entirely
empirically determined (Pope et al., 2000b).
However, there are some exceptions to the
empirical determination of the CD-RISC
hierarchy. For example, we constrained
the CD-RISC payments so that the low
severity level of a condition could not have
a higher payment than the high severity
level of the same condition.

Within each body system, an ordering of
conditions is established and each patient
is assigned to the most expensive relevant
condition-severity combination. The rank-
ing of condition-severity combinations
within each body system is in order of their
costs as determined from the CD-RISC
model. The rankings were derived using
an iterative procedure that will be
explained later in this article.

In developing the Medicare CD-RISC,
we amended the original CD-RISC 16 body
systems (Carter et al., 1997) by dividing
the genital/urinary body system into two
body systems—genital and renal/urinary.
Genital and renal/urinary were separated
into two body systems because older peo-
ple often have separate problems in both
body systems, for instance, sexual dys-
function (genital) and urinary incontinence
(renal/urinary). By creating two body sys-
tems, these common diagnoses would be
both available for predicting costs. The
body system respiratory was also divided
into ENT and respiratory based on similar
reasoning. We experimented with adding a
new body system, long-term care, that we
believed captured conditions prevalent in
the age 65 or over Medicare population.
Most of the conditions from the long-term
care body system were dropped from the
analysis during model development because
of concerns about gameability. For exam-
ple, the ICD-9-CM codes for physical or
speech therapy that are part of the long-
term care body system may encourage the
provision of unneeded care.

In developing the Medicare CD-RISC
system, we aimed to avoid placing big tick-
et unrelated ICD-9-CM codes within the
same body system or condition category.
The ICD-9-CM codes for both ischemic
heart disease and stroke were originally
assigned to the cardiovascular body sys-
tem. This is technically valid since both
heart disease and stroke involve the car-
diovascular body system, but it forced the
model to use cost information from only
one of two distinct major illnesses common
to older Medicare beneficiaries. Stroke
was moved to the neurological body sys-
tem since most of the consequences of
stroke are neurological.
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In our adjustments to the CD-RISC map-
ping, we were also careful to control the
incentive to game the system by grouping
codes for the same problem (e.g., stomach
pain and peptic ulcer) into the same body
system, and restricting the use of condition
codes that were vague and hence, poten-
tially gameable.

STATISTICAL METHODS AND
RESULTS

Model Definitions

We used regression analysis to deter-
mine the amount of payment that would be
made for each person in the sample.
Specifically, we estimated weighted linear
regression models with annualized 1997
costs as the dependent variable. The esti-
mation sample consists of 1,394,701 obser-
vations on Medicare beneficiaries. We did not
transform costs—models using untrans-
formed costs are standard in the field of
risk adjustment, primarily because the
large sample size used in risk adjustment
estimation reduces the influence of outliers
in the distribution on the estimates.

The set of explanatory variables used in
the models included 24 age-sex indicators,
an indicator for originally disabled,
Medicaid status, and the CD-RISC condi-
tion-severity variables. The models were
weighted by the fraction of the year that
the beneficiary met the sample eligibility
criteria. Weighting prevents bias in esti-
mating annual payments for conditions
where a substantial number of individuals
died in the prediction year. Since expenses
tend to rise immediately before death,
annualizing expenses of individuals that
died over-estimates the average monthly
expenses for patients with these conditions
relative to patients with conditions where
no one or few died. Weighting also
improves the efficiency of the models by

down-weighting observations that have a
higher variance associated with their costs
due to partial eligibility in 1997.

We report the predictive power for three
regression models: (1) demographic, (2)
basic CD-RISC, and (3) CD-RISC with dis-
abled interactions. The explanatory variables
in the demographic model consist of the 24
age-sex indicators, an indicator for originally
disabled, and Medicaid status. In the second
model, we add indicators for condition-sever-
ity variables. In the third model, we explored
adding interaction variables between dis-
abled status and the condition-severity vari-
ables. It is plausible that certain conditions
for disabled beneficiaries may require differ-
ent payments for the same conditions for
beneficiaries age 65 or over. For example,
older people may commonly have simple uri-
nary infections that are easily treated with
one antibiotic. However, younger people with
disabilities may be more vulnerable to com-
plicated urinary tract infections that require
multiple antibiotics or longer treatment
because of underlying renal failure or a his-
tory of repeated infections leading to antibi-
otic resistance. Therefore, we included dis-
abled interactions in the CD-RISC model
when coefficients were substantially differ-
ent for disabled and age 65 or over subsam-
ples. We used the following criteria to deter-
mine which condition-severity variables were
to be interacted with disability:

e The t-statistic of the difference between
the age 65 or over, and the disabled coef-
ficient must be greater than 2.

e The cell sizes for the disabled and the
age 65 or over groups for the condition-
severity variable should both be greater
than 100.

e Disabled or age 65 or over condition-
severity coefficients with #statistics that
are less than 1.75 are dropped from the
model unless they are to be combined
with adjacent severity levels according
to condition-severity pruning rules.

44 HEALTH CARE FINANCING REVIEW/Fall 2003/ Volume 25, Number 1



Establishing the Hierarchy

In each body system, patients are
assigned to the single most expensive con-
dition-severity combination for which diag-
noses were recorded. The hierarchy for
condition-severity variables within body
systems was established using an iterative
weighted linear regression procedure.

In order to select the highest condition-
severity coefficient within a body system,
we needed to obtain initial ranks for these
condition-severity codes. Therefore, we
estimated a weighted regression model of
annualized 1997 costs with 473 indicators
for each of the condition-severity variables
for the full sample of 1,394,701 observa-
tions. The age-sex indicators, Medicaid
and original disability status variables,
were not included in this model. We used
the estimates from this model to create ini-
tial ranks that sorted condition-severity
variables by coefficient size within body
system. Using these ranks, we selected the
highest ranked condition-severity variable
within each body system for each individ-
ual. We then ran the first iteration of the
regression model using this ranking
assignment. The condition-severity coeffi-
cients from the first iteration were
reordered by sorting coefficients within
each body system. This new ordering
formed the ranks for the condition-severity
variables for the second iteration. This
process was repeated until the ranks for
the condition-severity variables did not
change in consecutive iterations.

This iterative algorithm may not neces-
sarily converge. If there are two condition-
severity groups that have similar average
costs and, by chance, people in the sample
with both conditions have lower costs than
those with only one condition, the ranks
for the two conditions will alternate. Such
cycles occurred in our data with six sets of

condition-severity variables. We solved the
problem of alternating ranks by creating a
frequency-weighted average of the coeffi-
cients associated with the two conditions
and paying this same amount for the pair of
alternating conditions. This method works
well because the differences between the
coefficients for each pair of conditions
were small.

As a simplified example of establishing
the hierarchy, suppose an ordinary least
squares model is estimated for only the
ENT body system, and we find that the
conditions are ordered by cost in the fol-
lowing way: (1) tonsils/adenoids disease,
(2) allergy/hayfever, (3) epistaxis/throat
hemorrhage, and (4) larynx problem.
Using this information, we would impose a
hierarchy so that individuals are only
coded with the most costly ENT condition
that they have. We would then rerun the
model. If we found that the ordering of
these four conditions did not change, the
coefficients are deemed to have con-
verged.

Pruning the Condition-Severity
Variables

While developing the CD-RISC model
with the full set of 473 condition-severity
variables, we discovered that several of
these variables were statistically insignifi-
cant and a few were even negative.
Negative variables could not be included in
a payment model for reasons of face validi-
ty and because negative coefficients create
incentives not to code diagnoses. To
address these issues, we implemented the
condition pruning rules laid out for the
CD-RISC model (Carter et al.,, 1997).
Specifically, all condition-severity variables
with a t-statistic of less than 1.75 are
dropped from the model, unless there was
a lower severity condition with a #-statistic
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that is greater than or equal to 1.75.4 For
example, during the model iterations, we
found that high severity alcohol use disor-
der had a coefficient of 646 and a ¢ value of
0.9. However, this condition severity was
not dropped since the low- and medium-
severity levels of alcohol use disorder were
positive and had f#values that exceeded
1.75. After implementing these pruning
rules, we combined condition-severity vari-
ables with f-statistics of less than 1.75 with
adjacent severity levels. In cases where
there was a choice of two adjacent severity
levels (for example, medium severity could
be combined with either low severity or
high severity), the two severities with coef-
ficients that were closest in magnitude
were combined.

Severity levels added another facet to
the pruning rules. We expected that high-
er severity conditions would predict higher
costs than lower severities for the same
condition. However, contrary to clinical
judgment, the expected order was not
observed for a few conditions. Allowing the
higher severity level for a condition to have
a lower payment than the low-severity level
may create perverse coding incentives.
Therefore, we enforced a monotonicity cri-
terion on the condition-severity variables.
Specifically, we combined adjacent severity
levels for a condition if a higher severity
had a lower coefficient than a lower severi-
ty level. In cases where severity levels for a
condition were combined, the condition
number for the new condition-severity vari-
able was suffixed by the concatenated
severity levels. For example, “LMH”
denotes that low, medium, and high sever-
ities were combined for the referenced
condition.

4In some cases, high-severity condition variables have small cell
sizes, and are therefore, statistically insignificant.

Setting Final Payments

Multiple regression can sometimes lead
to clearly unreasonable predictions for
unusual subsamples. After examining pre-
dictions from the CD-RISC regression
model with disabled interactions, we found
that 0.05 percent of the predictions were
negative, 0.3 percent were below $100, and
0.8 percent were below S$S300. In most
cases, the low payments apply to beneficia-
ries who have no conditions. In response,
we estimated a simple demographic model
on the sample of individuals who have no
conditions in the payment model. The
results were used in a two-step process to
set the final payments that would not be
unreasonably low. First, we calculate the
maximum of the prediction from the CD-
RISC model and the prediction from the
no-condition demographic model. This no-
condition demographic model has 24 age-
sex cells, originally disabled status, and
Medicaid eligibility as independent vari-
ables. The dependent variable in this
model is 1997 annualized costs. The model
is estimated on the sample of beneficiaries
who have no conditions in the payment
model.> Next, we adjust the maximum of
the prediction from the CD-RISC and no-
condition model by applying a proportion-
ate tax to maintain budget neutrality. The
tax, which is calculated as the sum of 1997
annualized Medicare payments for the full
sample divided by the sum of maximum of
the predictions from the two models, is
approximately 99 percent.

By setting the payment for each benefi-
ciary to the maximum of the predictions
from these two models (less the proportionate

5Model coefficients for the no-condition demographic model are
not reported in this article, but are available on request from the
author.
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Table 2
Clinically Detailed Risk Information System for Cost (CD-RISC) Model Fit: 1996-1997

Model R2
Demographic 0.0169
CD-RISC

Without Disabled Interactions 0.1108
With Disabled Interactions 0.1113
With Disabled Interactions and Minimum Payments 0.1114
With Disabled Interactions and Minimum Payments (Conservative R2) 0.1108

NOTE: RZ?is a measure of the model’s explanatory power.

SOURCE: Centers for Medicare & Medicaid Services: Data from the 5 Percent Sample Standard Analytical Files.

tax), we ensure the payment for each ben-
eficiary equals or exceeds the average
Medicare expenditure for beneficiaries
with no conditions and the same demo-
graphic makeup.

RESULTS

Table 2 presents the R? values from the
CD-RISC models. The R? from the demo-
graphic model is only 0.0169, but is compa-
rable to the R2 values obtained for other
demographic models in the literature. Note
that we include originally disabled status
and Medicaid eligibility in this model; these
variables are not included in DCG-HCC
age-sex model, hence this model obtained a
lower K2 of 0.0097 (Pope et al., 2000b). The
Medicare Current Beneficiary Survey
yielded a demographic R? of 0.0045 (Pope
et al., 1998). The demographic models for
the CDPS had R? values that ranged from
0.004 to 0.015, across the States among the
Medicaid disabled (Kronick et al., 1996).

The R? values based on the basic CD-
RISC model that includes condition-severi-
ty indicators is 0.1108. Inclusion of disabled
interactions has a small effect on the R2,
increasing it to 0.1113. Therefore, it
appears that the inclusion of disabled inter-
actions does not appreciably increase pre-
dictive power. However, including these
interactions is likely to be important in a
payment model to avoid perverse selection
incentives. We find that the Efron (1978) R2

from the model including minimum pay-
ments is 0.1114—this value is almost iden-
tical to the R2 from the model without these
payments.

We use the Efron R? in the calculation of
predictive accuracy for the CD-RISC model
with minimum payments. The Efron RZ is
merely:

1-sum ((costi-prediction;)2) /sum-((cost;-
cbar)?), where cbar is the average cost for
the sample and the summations are over
all members i of the sample (Efron, 1978).

The CD-RISC model R? is comparable to
the R? values obtained from other risk-
adjustment models. The DCG-HCC model
obtained an RZ of 11.2 percent for the same
data. Not surprisingly, the R2 for the pri-
mary inpatient DCG model that uses only
inpatient diagnoses is much lower—only
6.2 percent (Pope et al., 2000a). Since the
R2 is driven by the predictability of the
sample, it can be misleading to compare R2
value statistics from different data sets
(Hadorn et al., 1993). The R2 for the chron-
ic illness and disability payment system is
18 percent for the disabled Medicaid sam-
ple, but only 8 percent for Aid to Families
with Dependent Children adults, and 4 per-
cent for children (Kronick et al., 2000).

Table 3 presents selected condition-sever-
ity coefficients from the CD-RISC model
that includes disabled interactions. > When
an interaction is included for a condition-
severity variable, the coefficient for disabled

5 A full set of coeffficents for the model is available on request
from the author.
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Table 3

Selected Clinically Detailed Risk Information System (CD-RISC) for Cost: Model Estimates
Including Disabled Interactions’ 1996-1997

Body System Severity Payment Estimate -Statistic
Infection

Flu/Virus High(a) 841 2.96
Flu/Virus High(d) 3,878 5.72
HIV Infection Medium or High 4,471 5.24
HIV Infection Low(d) 3,750 9.55
Cancer

Lung Cancer High 10,846 40.38
Lung Cancer Medium 3,737 11.54
Lung Cancer Low 2,130 9.28
Metabolic

Diabetes High 4,208 55.98
Diabetes Medium(a) 2,534 49.13
Diabetes Medium(d) 1,661 11.32
Diabetes Low 845 17.03
Blood

Deficiency Anemia Medium or High(a) 1,283 20.18
Deficiency Anemia Medium or High(d) 2,972 13.02
Deficiency Anemia Low 702 11.75
Mental Depression Low-Medium-High 462 6.20
Cardiovascular

Ischemic Heart Disease/Angina Low-Medium-High 1,256 34.73
Respiratory

Respirator/Aspirator Dependence Low 13,091 20.89
Renal

Urinary Tract Infection High(d) 4,568 8.99
Urinary Tract Infection Medium or High 895 9.32
Urinary Tract Infection Low 632 15.18
Dialysis Medium(a) 18,669 17.69
Dialysis Medium(d) 9,261 6.76

NOTES: Sample consisted of 1,394,701 observations. Model parameters were 232. The full model includes 24 age-sex indicators, an indicator for
originally disabled, Medicaid status, and 199 CD-RISC condition-severity variables. The suffix (a) to the condition severity code denotes an estimate
for the aged sample and (d) denotes an estimate for the disabled sample. HIV is human immunodeficiency virus.

SOURCE: Centers for Medicare & Medicaid Services: Data from the 5 Percent Sample Standard Analytical Files.

beneficiaries is suffixed with “d” and the
coefficient for aged beneficiaries is suffixed
with “a.”6 The coefficients from Table 3
show that the most expensive conditions
are dialysis (medium severity) in the renal
body system at $18,669; respirator/aspira-
tor dependence (usual/low severity) at
$13,091; and lung cancer (high severity) at
$10,846. Note that the disabled dialysis coef-
ficient is $9,261 and the aged dialysis coeffi-
cient is $18,668, showing that payments can
differ substantially between the disabled
and the aged. Other examples of conditions

6 Twenty-one condition-severity variables were sufficiently dif-
ferent between the disabled and the aged samples to merit inter-
actions in the disabled CD-RISC model.

that have disabled interactions include
metastasized cancer (usual/low severity),
paralysis (high severity), and diabetes
(medium severity). In general, the condi-
tions with disabled interactions have medi-
um or high severity (in cases where multi-
ple severity levels exist for the condition).

Payments are calculated from the model
estimates by adding the relevant coeffi-
cients. For example, a male age 65 (S1,148)
with a medium or high severity HIV infec-
tion ($4,471), high severity flu/virus (80—
same body system as HIV), and depression
($462) has a payment of $6,081.
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SPECIFICATION AND VALIDITY
CHECKS

We describe four model checks that we
conducted in order to verify the robustness
and validity of the CD-RISC model.

Overfitting and Conservative R?

One concern with the CD-RISC model
developed in this article is that it may be
overfitted and may not perform well in
other samples. This is unlikely, because of
the large number of observations, but to
address this concern, we calculated a con-
servative K2 estimate based on the multiple
cross-validation technique (Daley et al.,
1988; Hadorn et al., 1993). To implement
this technique, we randomly divided the
sample into tenths. We then estimated
coefficients for the CD-RISC model with
disabled interactions for 90 percent of the
data and applied them to the remaining 10
percent of the data to form model predic-
tions. These predictions were corrected for
payments that were too low by estimating
the no-condition demographic model for
the 90 percent subsample. This procedure
involves estimating the CD-RISC model 10
times in order to get out-of-sample predic-
tions for each of the 10 random subsam-
ples of the data. After obtaining final pre-
dictions, in Table 2, we calculated an Efron
R2 of 0.1108. This R2 is very similar to the
R2 values of 0.1114 obtained directly from
the model, suggesting that the model does
not suffer from an overfitting problem.

Hierarchical Model Structure

The CD-RISC model imposes a hierar-
chical structure on the condition-severity
variables within the body systems. For
each individual, only the condition-severity
variable with the highest coefficient within

each of the body systems is used in predic-
tions. This restriction reduces incentives to
game at some cost to predictive power. To
test the impact of the hierarchical struc-
ture on predictive power, we re-estimated
the CD-RISC model (with disabled interac-
tions) without imposing the hierarchical
structure within body systems.

Specifically, all the demographic and
condition-severity variables used in the
CD-RISC model with disabled interactions
were used as explanatory variables in this
model. Individuals who had multiple condi-
tion-severity variables within a single body
system now had all these condition-severi-
ty indicators set to one.” The K2 from this
model is 0.1178, slightly higher than the K?
values obtained from the hierarchical mod-
els reported in Table 2.

Influence of RAP Diagnoses

The Medicaid CD-RISC model excluded
RAP diagnoses due to concerns that these
diagnoses may often represent rule-out
diagnoses. Since rule-out diagnoses do not
measure true health status, their inclusion
in the model may bias the model estimates
toward zero. In developing the Medicare
CD-RISC model reported in earlier in this
article, we included RAP diagnoses, in
order to be able to compare the CD-RISC
model with the DCG-HCC model. In this
specification check, we re-estimate the
Medicare CD-RISC model after excluding
all RAP diagnoses from the model con-
struction to determine the importance of
RAP diagnoses for predictive power. The
R2 from this model is 0.1103, slightly lower
than the R? values of 0.1114 obtained from
the CD-RISC model that included RAP

7 Although we did not impose the hierarchical assumptions with
body system, we did implement the condition-severity pruning
rules. So, statistically insignificant and negative condition-sever-
ity variables were either dropped or combined with other sever-
ity levels.
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Table 4
Predictive Ratios for the Sample, by Number of Body Systems: 1996-1997

Mean Mean Predictive
Body System Frequency in Data Prediction Ratio
0 291,692 1,809 1,816 1.00
1 265,228 2,932 2,780 0.95
2 247,204 4,107 4,135 1.01
3 196,995 5,421 5,644 1.04
4 141,820 7,023 7,322 1.04
5 96,976 8,954 9,187 1.03
6 63,501 11,268 11,268 1.00
7 39,935 13,694 13,576 0.99
8 24,506 17,083 16,077 0.94
9 14,281 20,415 18,785 0.92
10 7,512 23,543 21,669 0.92
11 3,417 28,261 24,736 0.88
12 1,292 30,930 27,718 0.90
13 or More 342 38,694 31,610 0.82

SOURCE: Centers for Medicare & Medicaid Services: Data from the 5 Percent Sample Standard Analytical Files.

diagnoses. The correlation between pre-
dictions from the CD-RISC model that
included RAP diagnoses and the model
that excluded these diagnoses was 0.99.

Model Fit in Validation Subsamples

We examined the model fit for selected
validation sample groups by calculating
predictive ratios that are equal to the mean
predicted payment for a group divided by
the mean payment in the data. Groups for
which the model underpredicts (predictive
ratios that are less than 1) may be subject
to risk selection and may be avoided by
providers.

Table 4 shows the predictive ratios for
the sample by the number of body sys-
tems. The model predicts well for individu-
als with two or fewer body systems. For
individuals with three to five body systems,
predictive ratios are greater than “1”—this
implies that the model overpredicts for
these groups. For individuals with eight or
more body systems, the model underpre-
dicts. Adding the square of the number of
body systems as a predictive variable
increases the strength of predictions, but
we judged it gave too much incentive to
coding multiple body systems, so did not

include it as part of the final model. Still,
the predictive ratios for the majority of the
sample are quite close to “1.”

Table 5 shows the predictive ratios for
subgroups in each quintile of selected 1996
payment categories. The ratios are calculat-
ed for the subgroup with no expenditure in
the payment category, and also for sub-
groups in each quintile of positive expendi-
tures in the payment category. Predictive
ratios for 1996 total expenditure show
some overprediction for the low-cost sub-
groups and underprediction for the sub-
group in the 5th quintile.

However, predictive ratios for 1996
home health expenditures show large
underprediction for the 5th quintile, sug-
gesting that the CD-RISC model may bene-
fit from the inclusion of more detailed
home health information. Similarly, predic-
tive ratios for 1996 durable medical equip-
ment expenditure show considerable under-
prediction for the highest quintiles of
expenditures; however, the underpredic-
tion is less severe than that for the home
health payment category. These predictive
ratios are very similar to those obtained by
the DCG-HCC model suggesting that the
predictive ratios for both the CD-RISC and
DCG-HCC models could be improved by
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Table 5
Predictive Ratio for Subgroups in Each Quantile of Selected Payment Categories: 1996-1997

1997 Mean 1997 Mean Predictive
1996 Group Frequency in Data Prediction Ratio
Total
No Expenditure 142,888 1,672 1,879 1.12
1st Quintile of Positive Expenditure 246,455 2,232 2,629 1.18
2nd Quintile of Positive Expenditure 246,826 3,056 3,657 1.20
3rd Quintile of Positive Expenditure 248,084 4,206 4,823 1.15
4th Quintile of Positive Expenditure 249,569 5,984 6,220 1.04
5th Quintile of Positive Expenditure 260,879 13,196 11,225 0.85
Home Health
No Expenditure 1,255,298 4,259 4,671 1.10
1st Quintile of Positive Expenditure 27,443 10,016 9,908 0.99
2nd Quintile of Positive Expenditure 27,436 10,473 10,465 1.00
3rd Quintile of Positive Expenditure 27,730 12,657 11,393 0.90
4th Quintile of Positive Expenditure 28,185 16,127 12,434 0.77
5th Quintile of Positive Expenditure 28,609 27,534 12,980 0.47
Durable Medical Equipment
No Expenditure 1,172,747 4,212 4,580 1.09
1st Quintile of Positive Expenditure 43,271 7,559 7,353 0.97
2nd Quintile of Positive Expenditure 43,833 9,385 8,610 0.92
3rd Quintile of Positive Expenditure 43,932 9,659 8,626 0.89
4th Quintile of Positive Expenditure 44,545 11,850 9,871 0.83
5th Quintile of Positive Expenditure 46,373 18,342 12,234 0.67

SOURCE: Centers for Medicare & Medicaid Services: Data from the 5 Percent Sample Standard Analytical Files.

using diagnostic information on home
health and DME (Pope et al., 2000b). The
advantage in prediction from using these
data must be weighed against the extra
burden of collecting these data and their
clinical reliability.

DISCUSSION

CMS currently uses a risk-adjustment
method for Medicare capitation payments
that is based on the primary inpatient diag-
nosis of Medicare beneficiaries from prior
years. Relying solely on inpatient diagnoses
to set costs creates perverse incentives to
hospitalize, and in addition, ignores chron-
ic outpatient conditions. Therefore, in 2004,
CMS will implement a new risk-adjustment
method that improves on the current sys-
tem by incorporating inpatient and outpa-
tient diagnoses from prior year(s).

A number of risk-adjustment models
using diagnostic information were devel-
oped as candidates for Medicare risk
adjustment. The Medicare CD-RISC model

presented in this article is one of several
recent efforts to develop such risk-adjust-
ment systems (Pope et al., 2000b; Kronick
et al., 2000; 2002).

The criteria for judging such systems
are: strength of predictions of utilization;
ease of collection; ease of audit and diffi-
culty of gaming; and size of incentives for
inefficient care (Newhouse, 1986).
Another criterion is acceptability to all
those with a stake in the outcome of the
risk adjustment, including payers, plans,
providers, and patients (Carter et al., 1997,
2000).

The strength of prediction, or the ability
to predict variations in the expected cost of
care due to observable patient characteris-
tics is widely seen as important to deter
selection of low-cost patients by plans
(Newhouse et al., 1989). In addition, better
predictions should provide plans with
incentives to provide good care, and espe-
cially good care for ill patients who tend to
be more expensive (Ellis and McGuire,
1986, 1993). Risk-adjusted payment can
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increase efficiency by deterring socially
wasted effort to select patients and by
replacing competition for healthy patients
with price competition (Newhouse, Buntin,
and Chapman, 1997). Adequate risk adjust-
ment would allow Medicare to pay for the
extent to which illness differs across those
in different plans, but not pay extra for
more expensive practice styles or higher
prices (Robinson et al., 1991).

All the systems based on prior year diag-
noses have similar ease of collection and
ease of audit. The CD-RISC concept that
the severity of a particular condition
depends on the patient’s other conditions
is consistent with much clinical thinking
and found in clinical payment systems,
such as DRGs that have found acceptabili-
ty. We think this concept may increase the
clinical acceptability of CD-RISC. However,
the other systems have become clinically
more coherent which may make them also
acceptable to clinicians. All throw out cer-
tain diagnoses that were good predictors
historically when no payments depended
on the predictions, but might be suscepti-
ble to coding games for higher payment.

The CD-RISC model differs from most
other models in the literature by imposing
a hierarchical structure on condition vari-
ables so that only one condition within a
body system contributes to individual pay-
ments. The hierarchical structure within
body system reduces incentives to game
the system by entering multiple related
codes for the same condition. Imposing
this structure reduces the predictive power
of the selected condition variables from
11.8 to 11.1 percent, but that lower value is
still comparable to other models in the lit-
erature.

Among the existing risk-adjustment
models, the CDPS’s hierarchical structure
bears the most similarity to the CD-RISC
(Kronick et al., 2002). However, there are
several key differences between the CDPS

and the CD-RISC model. First, the CD-
RISC model contains 199 condition cate-
gories compared with 66 diagnostic cate-
gories in the CDPS. Second, the assign-
ment of severity levels in the CD-RISC
model incorporates clinical information
from other body systems. The CDPS sys-
tem’s condition assignment does not incor-
porate such information—instead this sys-
tem incorporates selected condition inter-
actions as separate model variables. Third,
the hierarchical structure in the CD-RISC
system is determined by empirically iterat-
ing the model until the condition ranks
within a body system converge. The CDPS
does not have this feature. Despite these
differences, both models have a virtually
identical K2 of 11 percent.

While the CD-RISC model does not
include interactions directly in the model,
CD-RISC incorporates the concept of inter-
actions between conditions in the assign-
ment of different severity levels. The
Medicare CDPS model includes several
interactions of diagnostic groups and finds
that these coefficients are relatively small,
and the inclusion of interactions has no
effect on the R2 (Kronick et al., 2002).
Given that the Medicare CDPS was devel-
oped using the same data set as the CD-
RISC, including interactions explicitly in
the CD-RISC model is unlikely to change
the results in this article.

Episode payments were an integral part
of the Medicaid CD-RISC model. The
model included episode payments for a
newborn and tested numerous other
episode-based variables. Like DRG pay-
ments, the amount of payment for a partic-
ular episode is set prospectively, but the
payments are made only when the episode
occurs. Including episode payments in the
Medicare CD-RISC model was beyond the
scope of this article; however, these pay-
ments should be considered before imple-
menting a payment mechanism.
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These payments are especially relevant
when one desires incentives to avoid the
underprovision of valuable care or if one
believes that selection against the relevant
small vulnerable population is likely.
Episode payments should also be consid-
ered in dealing with payments to small
organizations such as physician groups. In
the context of the Medicare CD-RISC
model, episode payments are likely to be
the most appropriate payment method for
conditions, such as new cancer treatment,
which come in standard packages that
could be paid by fixed preset amounts
based on benchmarking. Diagnosis-based
ICD-9-CM codes are limited in their ability
to discriminate between new onset of can-
cer and cancer in remission, so procedure
based codes may be more appropriate in
determining the correct payment for new
cancer treatment. At present the model
includes condition codes for chemotherapy
and other procedure oriented codes that
pick up such treatment. These codes could
potentially be replaced by episode pay-
ments in future work.

In light of CMS recent move toward
risk-adjustment models that are more par-
simonious in their data requirements,
future work with the CD-RISC model
should focus on evaluating predictive
power while reducing the number of con-
ditions or sources of diagnostic informa-
tion used to develop model estimates.
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